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Use of an individual-based simulationmodel
to explore and evaluate potential insecticide
resistancemanagement strategies
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Abstract
BACKGROUND: Tools with the potential to predict risks of insecticide resistance and aid the evaluation and design of resistance
management tactics are of value to all sectors of the pest management community. Here we describe use of a versatile
individual-basedmodel of resistance evolution to simulate how strategies employing single andmultiple insecticides inﬂuence
resistance development in the pollen beetle,Meligethes aeneus.
RESULTS: Under repeated exposure to a single insecticide, resistance evolved faster to a pyrethroid (lambda-cyhalothrin) than
to a pyridine azomethane (pymetrozine), due to diﬀerence in initial eﬃcacy. A mixture of these compounds delayed resistance
compared touseof single products. The eﬀectiveness of rotationsdependedon the sequence inwhich compoundswere applied
in response to pest density thresholds. Eﬀectiveness of a mixture strategy declined with reductions in grower compliance. At
least 50% compliance was needed to cause some delay in resistance development.
CONCLUSION: No single strategymeets all requirements formanaging resistance. It is important to evaluate factors that prevail
under particular pest management scenarios. The model used here provides operators with a valuable means for evaluating
and extending sound resistancemanagement advice, as well as understanding needs and opportunities oﬀered by new control
techniques.
© 2016 Society of Chemical Industry
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1 INTRODUCTION
Although insecticides and acaricides remain essential for control-
ling arthropod pests of arable and horticultural crops, the evo-
lution of insecticide resistance is a continuing threat to their
sustainability and proﬁtability. The loss of single compounds or
even entire insecticide groups to resistance can have a signiﬁcant
impact on the productivity of an agricultural system,1 especially
without access to alternative control agents. Even if alternatives
are available, thesemay be less favourable or more costly to apply,
impacting on the environmental footprint and/or economic sus-
tainability of crop protection. Development of resistance is also a
major challenge to the agrochemical industry.2 The cost of taking a
new insecticide from the laboratory to themarketplace is currently
estimated at US $250million.3 This investment has to be recovered
and, although resistance to any product can be expected at some
point, the more time that elapses before signiﬁcant levels of resis-
tance occur, the greater the likelihood of proﬁtability. All sectors
of the agricultural industry therefore have a strong vested inter-
est in being able to anticipate the relative risk of resistance under
contrasting pest management scenarios.
Whenever feasible, it is widely agreed that insecticide resistance
management (IRM) tactics should be tailored to conditions of a
particular agricultural system and region.4,5 However, in any given
scenario there is a complex interaction of factors inﬂuencing resis-
tance, which relate to pest biology and crop agronomy, as well
as environmental conditions, pesticide dynamics and the mode
of application.4,6,7 There are generic guidelines or tactics that can
underpin any IRM strategy, such as those recommended by the
Insecticide Resistance Action Committee (www.irac-online.org/
about/resistance/management/), but themost eﬀective strategies
will beneﬁt from a detailed knowledge of pest population dynam-
ics, the range of control options available (chemical, biological and
physical) and the prevailing agricultural landscape. Optimization
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of IRM can also undoubtedly exploit information on the proper-
ties of any resistance mechanisms already known to exist, such as
potency, cross-resistance patterns, inheritance and potential ﬁt-
ness costs.6,8 However, proactive implementation of IRM is much
more likely to prolong the eﬃcacy of insecticides than a reac-
tive approach once resistance has been detected in the ﬁeld.4 The
advantages of proactive IRM have been amply demonstrated by
the implementation ofmeasures for combating resistance to crops
expressing insecticidal proteins.9
Empirical comparisons of the eﬀect of diﬀerent control strategies
on resistance are severely hampered by the large spatial and tem-
poral scales needed tomeasure the relevant selection responses10
and the level of replication needed to encompass the stochas-
ticity or noise inherent in biological systems. For this reason,
resistance researchers have exploited a range of mathematical
models and computer simulations to predict the appearance of
resistance under contrasting scenarios of pest biology and insec-
ticide deployment.11,12 The majority of these studies have been
deterministic simulations exploring the impact of speciﬁc factors
such as the initial frequency or dominance of resistance alleles
or insecticide persistence on the speed of selection.13–15 Others
have explored the eﬀectiveness of exploiting two or more insecti-
cides in alternation, as mixtures or in spatial mosaics.4,16–19 Such
work has been invaluable for disclosing broad principles but has
rarely been directed at speciﬁc pest/crop/pesticide combinations.
In addition,mostmodelling approaches have failed to incorporate
the impact that individual behaviour and spatial heterogeneity
can exert on population and resistance dynamics. Such limita-
tions and the assumptions made have restricted the applicability
of resistance modelling to resolving speciﬁc pest management
problems.20
Advances in computing power and underlying theory pro-
vide access to newer and more realistic simulations adopting an
individual-based approach.21 We have therefore developed an
individual-based model (IbM) that enables pest populations to
be modelled as an assemblage of individual insects inhabiting
a spatially structured landscape made up of farmers’ ﬁelds and
semi-natural habitats in order to simulate the diﬀerent control
strategies and their impact on the evolution of resistance.22 This
model has initially been parameterized to investigate control of
pollen beetle (Meligethes aeneus), an important pest of oilseed
rape (OSR) in the UK and elsewhere in Europe. We report here on
the use of thismodel to simulate the outcomeof potential IRM tac-
tics employing single and multiple insecticides, using M. aeneus
inhabiting OSR to exemplify the application and outcomes of this
modelling approach.
2 MATERIALS ANDMETHODS
2.1 Background to themodel and its application
toMeligethes aeneus
Meligethes aeneus is one of a suite of insect pests that attack OSR
(Brassica napus L.) throughout its growing season in Europe.23
In the UK it infests rape in the spring and early summer, and
is a major target of spring-applied pesticides on this crop.
Adults emerge from overwintering sites in early spring, feed
on pollen from a taxonomically diverse range of plants, and then
migrate to winter OSR crops where they mate and lay eggs in
the ﬂower buds.23,24 Oviposition and feeding damage by adults
and ﬁrst-instar larvae within the bud results in bud abscission
and loss of yield.25 Backward winter-sown crops and those sown
in the spring are at greatest risk, as the growth stages most
susceptible to damage by M. aeneus occur after beetles have
emerged from overwintering and are seeking oviposition sites.
From late June a new generation of adults feeds on pollen from
open ﬂowers before moving to overwintering sites without
mating.24
For many years, pyrethroid insecticides were used almost
exclusively to control M. aeneus, leading to the widespread
appearance of resistance to these chemicals. Resistance was ﬁrst
reported in mainland Europe in the early 2000 s26,27 and has
since spread rapidly through most rape-growing countries in
Europe, including the UK.28 The primary mechanism of pyrethroid
resistance involves enhanced detoxiﬁcation of insecticides by
an over-produced P450-dependent monooxygenase enzyme,29
although a second mechanism based on modiﬁcation of the
pyrethroids target site has also been reported.30 In response to
pyrethroid resistance, a number of alternative chemicals with
distinct modes of action have been made available, including the
pyridine azomethine insecticide pymetrozine.31 The challenge
now presented to OSR growers is how to ensure economically
viable pest control, while planning for long-term sustainability
through resistance management.
Construction of the IbM and its parameterization to simulate
the population dynamics and control of M. aeneus have been
described in detail by Stratonovitch et al.22 The model generates
a heterogeneous landscape divided into cells, each of which is
assigned to a particular crop or habitat type. For M. aeneus, the
cells contain host plants (i.e., OSR) and non-host plants (e.g.,
cereals) in proportions representing common cropping practice
in eastern UK. Sowing dates and crop phenology for winter-sown
and spring-sown rape simulate UK farming practice and exploit
publishedmodels of crop development. Within the crop cells, OSR
is planted every 4 years in rotation with crops not supporting M.
aeneus. In keepingwith current growing practice in the UK, 95% of
the OSR crop is sown in winter, and the remaining 5% is sown in
spring.
Life history parameters for M. aeneus are extracted from pub-
lished sources (see Stratanovich et al.22 for references). Applica-
tion of insecticide leads to an enhanced mortality proﬁle for
adults deﬁned using the probability of exposure, the degrada-
tion proﬁle curve of the compound(s) and the genotype of the
insect. Other cells contain hibernation sites (e.g., woodland) and
sites with semi-natural habitats containing non-crop food plants.
Before and after hibernation, the probability of movement of M.
aeneus from and to overwintering sites, and between crop and
non-crop hosts during the growing season, are determined by its
life cycle and host preference, and the distance between cells in
a landscape.22 Figure 1 shows a representative 10× 10 cell land-
scape andpatterns ofmovementwithin the grid at diﬀerent points
in time.
The simulations that follow involve two insecticides that are suf-
ﬁciently dissimilar in structure and mode of action to be unaf-
fected by cross-resistance, i.e., being compromised by the same
resistancemechanism. Lambda-cyhalothrin, to which resistance is
alreadypresent, is a pyrethroid insecticide actingonvoltage-gated
sodiumchannels in the insect nervous system. Pymetrozine acts as
a feeding suppressant and is presently not resisted by M. aeneus.
Simulated resistance to each is assumed to be monogenic, with
no linkage disequilibrium between resistance alleles. There is no
intrinsic ﬁtness costs associated with the possession of either
resistance allele.
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Figure 1. Schematic representation of the spatial dynamics of pollen
beetles in a simulated agricultural landscape. (a) A representative 10× 10
cell landscape with habitats in the same proportions as used in the IbM
simulations. Cells containing arable crops are shown in yellow (oilseed rape
[OSR]) or green (non-host crops such as cereals), overwintering sites are
in red, refuge areas in blue and empty cells in white. Parts (b)–(f ) use
subsets of this landscape to illustrate ﬁve stages in spatial dynamics as
the season progresses: (b) emergence from hibernation and movement
from overwintering sites to early-ﬂowering refuge plants; (c) movement
from refuge plants to OSR at the onset of crop ﬂowering; (d) movement
between refuge plants and OSR cells during the crop ﬂowering season; (e)
movement from OSR to late-ﬂowering refuge plants; and (f ) movement
back to overwintering sites and the onset of hibernation. The width of
arrows represents the extent of movement as a function of distance
between cells.
2.2 Calibration of insecticide eﬃcacy and the potency
of resistance
Data were provided by Syngenta from 48 independent trials on
the eﬃcacy of lambda-cyhalothrin and pymetrozine against M.
aeneus conducted in 10 countries. In these trials, a proportion of
plots were treated with either lambda-cyhalothrin or pymetrozine
at their respective ﬁeld application rates and the remaining
control plots were left untreated. The control achieved using
each of the insecticides was determined by counting insects at
regular intervals post treatment and calculating the reduction in
numbers relative to control plots. In the absence of resistance,
the average control achieved the day following initial treatment
with lambda-cyhalothrin was 92%. However, some trials were
done in areas known from monitoring programmes to harbour
pyrethroid-resistant insects. These showed initial eﬃcacy as low
as 25% in some cases. The modiﬁed mortality schedules were
used to derive response curves for resistant as well as susceptible
phenotypes. The average control achieved the day after treatment
with pymetrozine was consistently ∼80%, wholly attributable to
lower intrinsic eﬃcacy than lambda-cyhalothrin at equivalent ﬁeld
concentrations, sinceno resistancehasbeen reported to this insec-
ticide. Parameters describing the degradation proﬁle of the insec-
ticides and their respective eﬀects onM. aeneus populations were
calibrated from ﬁeld trial data using an evolutionary algorithm
with self-adaptation.22 Observed and simulated levels of eﬃcacy
of the two insecticides are shown in Fig. 2. For lambda-cyhalothrin,
the parameters included the persistence of the insecticide and
the observed responses of susceptible and resistant phenotypes.
The calibration exercise showed resistance to lambda-cyhalothrin
to be incompletely dominant in expression. For pymetrozine,
parameters included the persistence of the insecticide and the
observed response of the susceptible phenotype. The potency
and dominance of pymetrozine resistance are assumed to be
equivalent to values derived for resistance to lambda-cyhalothrin.
When used in combination, the insecticides are assumed to show
an additive eﬀect on toxicity againstM. aeneus.
Thresholds for the application of insecticide were based on the
current UK threshold of 15 insects per plant and 5 insects per plant,
respectively. Unless otherwise stated, the starting frequency of
each resistance allele was set to 10−5.
2.3 Design and conduct of simulations
In order to compare the outcome of diﬀerent pest management
scenarios, it was necessary to deﬁne a quantitative threshold at
which resistance was deemed to be established, and ways of
representing the variation in the outcome of repeat runs caused
by stochastic features of themodel. For each simulation, the speed
of resistance development was deﬁned as the number of years (y)
for the resistance allele to reach a frequency of 30%. The choice of
this ﬁgure was based on the fact that with a dominant resistance
trait this corresponds to equal proportions of susceptible and
resistant phenotypes, the latter consisting of both homozygous
andheterozygous genotypes. At this stage, control after treatment
with lambda-cyhalothrin or pymetrozine is reduced to less than
half the initial eﬃcacy, i.e. 44% and 37%, respectively. At these
frequencies, the eﬃcacy of a mixture of both compounds applied
at their recommended ﬁeld rates is decreased to 67%.
Utilizing data for lambda-cyhalothrin and pymetrozine, the IbM
was used to simulate a set of pest management scenarios poten-
tially available to farmers and to compare timeframes for resistance
development. Each simulation used the same parameters describ-
ing the life cycle of M. aeneus and OSR agronomy, and used the
sameproportions of landscape features. Each scenariowas repeat-
edly rununder diﬀerent conditions in order to assess its robustness
and potential for delaying resistance. An initial analysis of the
model’s sensitivity showedweather, especially dailyminimumand
maximum temperatures, to be an important source of variation.22
Both plant and insect phenology are regulated by climate, as are
the pest density and the time of crop colonization. To incorporate
climatic variation, six sets of 50 years of daily weather data were
generated for two locations in England (Rothamsted in Hertford-
shire and Brooms Barn in Suﬀolk) using the Long Ashton Research
Station Weather Generator.32 Another important factor identiﬁed
was the spatial arrangement of the landscape features (ﬁelds and
semi-natural habitats), which impacts directly on the dispersal and
clustering of individuals and hence localized pest densities. In the
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Figure2.Observed and simulated levels of eﬃcacy (relative to untreated controls) obtainedwith lambda-cyhalothrin (L) andpymetrozine (P) as a function
of time since sprays were applied. For lambda-cyhalothin, results are presented separately for regions where levels of resistance to this compound were
judged to be low, moderate or high. No resistance is recorded to date for pymetrozine. Open circles show observed mean levels of control from pooling
data from the respective ﬁeld experiments. Solid lines show the mean predicted level of control from ten simulations of the ﬁeld trials with 5000 insects
randomly distributed in the trial plots.
simulations that follow, the proportions of diﬀerent landscape fea-
tures were kept constant at: ﬁelds (host and non-host crops), 80%;
overwintering sites, 5%; refuge areas with alternative untreated
host plants, 10%; and empty cells with features irrelevant to the
biology of M. aeneus, 10%. However, four spatial arrangements
with these proportions were randomly generated. Finally, two dif-
ferent values were used to initialize the internal randomgenerator
used by the model. Thus, for each scenario that was simulated,
there were 2 geographical locations× 6 weather datasets× 4
landscape arrangements× 2 random initializations= 96 runs from
which a distribution of outcomes was computed.
For each scenario, a probability distribution of y values was gen-
erated from the 96 runs described above. In simulations involving
use of both compounds, distributions of y values are shown for
each resistance allele. In the case of the mixture, distributions of y
for individual alleles give a more conservative estimate of the loss
of eﬃcacy, which remains below 50% until the proportion of indi-
viduals with a doubly resistant phenotype reaches 50%. To reach
such levels, if one allele frequency is at 30% the other allele fre-
quency needs to be at least at 65%.
For each set of simulations, 48 years of weather data were
available to run the simulation because the model needed 2
years to initialize the crop rotations and the pest population.
Thus simulations were run for a maximum of 48 years and each
value of y was constrained between 0 and 47. If the frequency
of an R allele was still below 30% at the end of the simulation,
its y value was set to 47 because there is no practical interest in
longer timespans. This enabled such simulations to be included in
the results alongside those that reached the threshold frequency
within the time limit.
3 RESULTS
3.1 Baseline scenarios
Three baseline scenarios compare the rate of resistance devel-
opment with exclusive use of lambda-cyhalothrin (scenario L0),
pymetrozine (P0) and the combination (L+ P0), all at the full
ﬁeld application rates (Fig. 3). The higher intrinsic eﬃcacy of
lambda-cyhalothrin compared to pymetrozine resulted in resis-
tance to the former compound becoming established ∼3 years
earlier than to the latter. Exclusive reliance on the combination
strategy substantially delayed selection of both resistance alle-
les but resistance still developed faster to the pyrethroid compo-
nent of the mixture. Resistance took approximately twice as long
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Figure3.Boxplots of the probability distribution of years for the frequency
of a resistance allele to reach 30% under three baseline treatment regime:
sole use of lambda-cyhalothrin (L0), sole use of pymetrozine (P0) and sole
use of a mixture of these insecticides (L+ P0). For the mixture regime,
results are shown for alleles conferring resistance to lambda-cyhalothrin
(L+ P0/L) or pymetrozine (L+ P0/P), respectively. Box boundaries show
25th and 75th percentiles, vertical whiskers showmaximumandminimum
values, and the think horizontal line shows the median value. Each simula-
tion is based on 96 runs.
to reach the 30% threshold compared to the single compound
scenarios. These baseline responses provided reference points for
evaluating the outcome of subsequent simulations.
3.2 Initial allele frequency
Simulations summarized in Fig. 4 extend the baselinemixture sce-
nario (L+ P0) to cases when the initial frequency of the allele con-
ferring resistance to lambda-cyhalothrin varied from 10−6 to 10−1
(10−5 being the baseline value). In all cases the initial frequency
of the pymetrozine resistance allele is maintained at 10−5. For
both compounds, the speed of resistance development increased
in a linear manner with an increase in the starting frequency of
pyrethroid resistance.With lambda-cyhalothrin, use of themixture
continued to aﬀord at least a slight advantage over the single-use
scenario (L0) until the starting frequency exceeded 10
−3. There-
after, resistancebecameestablished faster thanunder thebaseline
L0 regime. Selection of the pymetrozine resistance allele by a mix-
ture was slower at all starting frequencies of pyrethroid resistance
than under the baseline pymetrozine use scenario (P0). Thus, with
the present assumptions, the advantages of a combination treat-
ment areoptimizedwhen resistance toboth ingredients is still very
rare and become quickly compromised with more frequent resis-
tance even to only one component of the mixture.
3.3 Mixtures, alternations andmosaics
Simulations summarized in Fig. 5 represent the three primary
approaches for deploying two structurally and functionally dis-
tinct compounds as part of a resistancemanagement programme.
Mixing the compounds, alternating them over time and applying
them singly across a spatially structured mosaic all delayed resis-
tance compared to sole reliance of single products. For alternation
tactics, theorder inwhich compoundsare advocated for usewithin
a growing season was shown to be an important determinant of
the speed of resistance development. This reﬂects the fact that
when applying insecticides in response to pest density thresholds
(as is the case here) there is no certainty that a second treatment
will be required. Thus resistance to lambda-cyhalothrin developed
more rapidly under a regime applying this compound prior to
pymetrozine thanwhen applying the compounds in reverse order.
The opposite was the case for resistance to pymetrozine. The pro-
tection aﬀorded to a compound being used second in an alterna-
tion was negated when both were used continuously in diﬀerent
segments of a spatial mosaic. In these simulations there was little
or no advantage to applying insecticides as amixture compared to
alternation of single ingredients.
3.4 Level of compliance
The beneﬁts accruing from implementation of IRM guidelines, for
very mobile pests especially, would be expected to depend on
the level of compliance with the guidelines achieved from grow-
ers. If advocating mixtures, one obvious threat comes from a pro-
portion of growers continuing to use one or both ingredients
singly. This is explored in Fig. 6, where the percentage of growers
complying with a mixture strategy varies from 0% to 100%. The
‘non-compliers’ were all dependent on lambda-cyhalothrin alone
and none used pymetrozine as a sole treatment. Thus zero com-
pliance represents the baseline L0 scenario and full compliance
represents the L+ P0 scenario. Low (25% or less) levels of com-
pliance have very little eﬀect on the development of resistance
to lambda-cyhalothrin, but higher levels of compliance result in
a gradual delay in the establishment of resistance. As expected,
in these simulations the eﬀect of compliance on resistance to
pymetrozine was much less pronounced, with resistance only
appearingwhen 75% ormore of growers where adopting themix-
ture strategy.
4 DISCUSSION
There has beenmuch research to investigate howmultiple insecti-
cides can best be used to delay the appearance of resistance to
individual compounds. The majority of these studies have been
theoretical evaluations of compounds applied as rotations, spatial
mosaics or mixtures compared to the sequential ‘blanket’ use of
single compounds to the stage at which resistance renders them
ineﬀective.4,17,19 One consistent outcome has been that applying
two compounds in a mixture from the outset can potentially lead
to substantial delays in resistance, provided that stringent the-
oretical assumptions are met. The overarching principle behind
the use of mixtures is that of ‘redundant killing’,18 whereby any
individual resistant to one ingredient is killed by simultaneous
exposure to the other. The ﬁrst prerequisite for redundant killing
(and indeed all multiple pesticide tactics) is that there is no threat
of cross-resistance encompassing both ingredients, implying that
ideal mixture partners must be structurally and functionally as dif-
ferent as possible. The second key requirement is that the two
chemicals confer mutual protection throughout the eﬀective life
of an application, andmust therefore be broadly equivalent in eﬃ-
cacy and persistence. In order to realize the maximum beneﬁts of
mixtures, alleles conferring resistance to each ingredient should
initially be rare, so that anydoubly resistant insects surviving expo-
sure are exceptionally rare and likely to be swamped by suscepti-
ble immigrants.16–18 The stringency of these requirements greatly
limits the utility of this tactic in practice, although the conse-
quences of relaxing the assumptions inherent in redundant killing
have been less intensively studied. In contrast to theoretical work,
most empirical studies of mixtures have focused on opportunities
to exploit the enhanced toxicity of combinations33–35 rather than
their potential for proactive avoidance of resistance.
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Figure 4. Box plots of the probability distribution of years for the frequency of alleles conferring resistance to lambda-cyhalothrin (top) and pymetrozine
(bottom) to reach 30% based on exclusive use of a mixture of these insecticides and when varying the starting frequency of the lambda-cyhalothrin
resistance allele from 10−6 to 10−1. The starting frequency of the pymetrozine resistance allele was kept constant at 10−5. A starting frequency of 10−5
corresponds to the baseline L+ P0 regime in Fig. 4. Results for the baseline regimes involving sole use of lambda-cyhalothrin (L0) or pymetrozine (P0) are
included for comparison. See Fig. 3 for an explanation of box plots.
Unlike mixtures, rotations andmosaics aim to diversify selection
pressures over time or space by restricting the period of expo-
sure to each selecting agent. Both are founded on an assump-
tion that frequencies of resistance to each compound decline in
absence of the selector, due to dilution by susceptible immigrants,
decreased ﬁtness of resistant individuals, or both.8,36,37 As a gen-
eral rule, the stronger the ﬁtness penalty, the greater is the advan-
tage of rotations over mosaics, although for mosaics there are also
requirements relating to the extent of migration between treated
patches.4 It has been speculated that even in the absence of strong
ﬁtness costs rotating compounds could have operational advan-
tages by limiting and optimizing the use of particularly favoured
insecticides.38 The few examples of experimental evaluations of
multiple pesticide tactics under ﬁeld or laboratory conditions39–41
have yielded inconsistent results, probably due to diﬀerences in
biological variables suchas initial allele frequency and theeﬀective
dominance of resistance genes.
Against this backdrop we have populated an individual-based
model22 with empirically based estimates of key biological and
operational parameters, in order to evaluate the outcome of dif-
ferent scenarios for applying two unrelated insecticides against
M. aeneus on OSR. Many of the parameters used in building
the scenario are unique to the individual case study, and there-
fore the outputs from model analysis are also unique. Therefore
the conclusions made about the impact of those resistance
management techniques from this particular scenario should not
be applied ‘carte blanche’ to all crop pest scenarios. A resistance
management practice that is predicted to provide longer product
sustainability under a two-sprays-per-season, threshold-triggered
pest management regime, does not necessarily translate to a
regime involving six calendar-based insecticide applications per
season.
Repeated use of the same insecticide or ones with the same
mode of action has long been regarded as theworst-case scenario
for the selection for insecticide resistance, with the number and
frequency of applications, as well as number of insect generations
exposed determining the speed at which resistance arises. For M.
aeneus, this scenario was common across much of Europe, with
pyrethroids the exclusive choice for control between their ﬁrst reg-
istrations up to the mid-2000s. Exclusive reliance on pyrethroids
was unquestionably themain driver for the selection of pyrethroid
resistance in this pest.28 Use of the IbM model to simulate a sce-
nario of repeated use of a pyrethroid alone (lambda-cyhalothrin),
up to two sprays per calendar season based on a treatment thresh-
old of 15 and ﬁve insects per plant for winter and spring OSR
respectively, predicts a similar time to resistance as was observed
in the ﬁeld (average of 15 years28).
Using repeated use of the pyrethroid alone as a baseline sce-
nario, we compared the impact of other control strategies on
the selection of resistance. Under the same circumstances the
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Figure 5. Box plots of the probability distribution of years for the frequency of alleles conferring resistance to lambda-cyhalothrin (top) and
pymetrozine (bottom) to reach 30% under alternation regimes involving lambda-cyhalothrin followed by pymetrozine (L→ P), pymetrozine followed
by lambda-cyhalothrin (P→ L) or a mosaic with 50% of cells relying on exclusive use of each insecticide. Results for the baseline regimes involving sole
use of lambda-cyhalothrin (L0), pymetrozine (P0) or a mixture of the compounds (L+ P0) are included for comparison. See Fig. 3 for an explanation of box
plots.
pyridine–azomethine insecticide pymetrozine appears on aver-
age to take longer to select for resistance than the pyrethroid.
Since other parameters are identical, we deduce that the diﬀer-
ence in resistance risk is a consequence of a diﬀerence in product
eﬃcacy. The lower initial activity and resulting diﬀerences in
eﬃcacy decay for pymetrozine (as calculated from ﬁeld trial data)
impose a lower selection pressure for pymetrozine-resistant bee-
tles than pyrethroid-resistant ones. This leads to speculation that
under the certain circumstances a product that provides adequate
but incomplete control may provemore sustainable than one pro-
viding higher initial eﬃcacy. However, this statement requires
qualiﬁcation since at present there is no evidence of either ﬁeld-
or laboratory-evolved resistance to pymetrozine in M. aeneus. We
have therefore based assumptions on the potency and inheritance
of potential resistance to pymetrozine on empirically derived esti-
mates for resistance to lambda-cyhalothrin. The need to make
such assumptions is a recurring challenge when developing and
evaluating proactive resistance management recommendations,
i.e., before resistance has been documented and characterized.4,5
Simulated use of a mixture of lambda-cyhalothrin and
pymetrozine delayed the selection of resistance to both insecti-
cides compared to the use of single active ingredients, doubling
the time to lambda-cyhalothrin resistance and more than dou-
bling the time to pymetrozine resistance. This is under a scenario
with resistance alleles rare (10−5) for both insecticides, and
insecticides are applied at doses that would be fully active indi-
vidually. These conditions approach those required for eﬀective
redundant killing but with two important exceptions. Firstly, the
insecticides diﬀered in their initial eﬃcacy against the target pest,
resulting in a diﬀering rate of build-up of the two resistance alleles
in the baseline mixture scenario. Secondly, analyses of ﬁeld trial
data from sites harbouring resistance to lambda-cyhalothrin indi-
cated that resistance was largely dominant in expression, and this
was built into the simulations. The likelihood of substantial num-
bers of heterozygotes surviving exposure is an important reason
why the mixture did not lead to the longer delays that would be
expected if resistance is eﬀectively recessive in expression.17,18 The
simulations also reinforced the important eﬀect that the starting
frequency of resistance can exert on the outcome of a mixture
scenario. Raising the initial frequency of resistance to one of the
components (the pyrethroid) decreased the time to resistance for
both components of the mixture. However, unless the starting
frequency of pyrethroid resistance was very high (>10−3) there
was still an observed advantage of using the mixture over the
repeated use of the pyrethroid alone, and in all scenarios there is
a still an observed advantage for the second component of the
mixture (pymetrozine). Thus, even with an elevated background
of resistance to one of the mixture components, use of a mixture
can provide a beneﬁt in terms of product sustainability compared
to the repeated use of single modes of action.
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Figure 6. Box plots for the probability distribution of years for the frequency of alleles conferring resistance to lambda-cyhalothrin (top) and pymetrozine
(bottom) to reach 30% under regimes representing diﬀerent levels of compliance with a mixture strategy. Growers not using the mixture were reliant
on lambda-cyhalothrin alone. Percentage use of the mixture increases from 0 (= baseline L0 regime) to 100 (baseline L+ P0 regime). See Fig. 3 for an
explanation of box plots.
Themost commonly promoted approach to resistancemanage-
ment is to alternate the use of insecticides with diﬀering modes
of action. This approach has some practical advantages over the
use of mixtures, which include reduced environmental loading of
active ingredients and in some cases a lower cost for growers. Our
simulations suggest little diﬀerence in terms of resistance man-
agement beneﬁts between the mixture and rotation strategy. The
simulations exclude any ﬁtness costs associated with resistance to
either product, and therefore represent a worst-case scenario for
the eﬃcacy of rotations, which can be substantially enhanced by
selection against resistance in the absence of a selecting agent.4,36
The resistance risk associated with rotations was, unsurprisingly,
related to the order in which the products are used, especially
for a scenario in which insecticide applications are triggered by
pest density thresholds. A rotation strategy utilized for resistance
management relies upon target insects being exposed to diﬀerent
insecticides, but a strategy based on insect thresholds being
breached may not achieve this objective. Rotations explored in
this paper specify use of one particular insecticide when the
insect population ﬁrst exceeds threshold, followed by a second
compound if the threshold is exceeded a second time. Naturally,
this is not always the case and the eﬀects of this unpredictability
and reliance on the second spray are apparent from the current
results. The insecticide used ﬁrst in the strategy has a greater
resistance risk than the one placed second in the strategy. This
contrasts with a mixture that incorporates both modes of action
within a single application.
One of the greatest challenges with implementing insecticide
resistance management is to ensure compliance with any given
strategy within an agricultural system. There are many factors
that prevent the widespread adoption of insecticide resistance
management techniques, not least being the perceived increased
cost of crop production. Compliance with mandated resistance
management programmes is never complete and ironically often
decreases in the absence of resistance problems.9,42 We therefore
investigated the impact of compliance on the eﬀectiveness of a
resistance management programme. As compliance with a man-
datedmixture strategy decreased, not surprisingly so did the ben-
eﬁts of the programme. At least 50% compliance was required
to achieve some beneﬁts, but by default the resistance risk to
pymetrozine increased as its use increased. This presents a notable
challenge to those advocating resistance management. Provid-
ing recommendations that have practical disadvantages, such as
increased cost, risk or inconvenience, is unlikely to encourage
growers to comply to the extent needed for a strategy to be eﬀec-
tive. Communication of the short- and long-term beneﬁts of resis-
tance management is just as important as deﬁning product use
patterns.
No single strategy can meet all requirements for managing
resistance, and it is critical to evaluate any prevailing factors that
may inﬂuence resistance development. The use of versatile tools
such as the IbMmodel exploited here allows operators to combine
both measured and estimated parameters to evaluate a range
of resistance management options, and provides the industry
Pest Manag Sci 2017; 73: 1364–1372 © 2016 Society of Chemical Industry wileyonlinelibrary.com/journal/ps
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with a valuable basis for extending sound resistancemanagement
advice. Such tools form a basis for designing and optimizing
pest control strategies, not only by predicting resistance risks but
also by understanding needs and opportunities for new control
techniques, whether chemical, biological, genetic or cultural.
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